INTRODUCTION
One of the most important decisions the early embryo must make is how to form a central nervous system. Recent studies of this developmental decision led to the Default Model of neural induction that postulated that all ectodermal cells would adopt a neural fate in the absence of intracellular signalling (Munoz-Sanjuan and Brivanlou, 2002) . Shortly after the proposal of the Default Model, Chong et al. (1995) , and Schoenherr and Anderson (1995) discovered a repressor of neuronal specific genes in non-neural cells and characterized the Neuron Restrictive Silencer Element (NRSE) that is the target DNA binding sequence of this repressor (Schoenherr et al., 1996) . The NRSE motif is somewhat unique in that it is unusually long and has the highest information content among all known vertebrate motifs in TRANSFAC Wingender et al. (2001) (with a sufficient number of experimentally confirmed binding sites). Recently, our group (Lunyak et al., 2002) and Bruce et al. (2004) independently used bioinformatics approaches to extend the small set of experimentally confirmed NRSE sites to a large set of putative NRSE sites in several vertebrate genomes. But without the foreknowledge of NRSE's consensus sequence, could NRSE have been discovered computationally? More generally, if there are other still unknown NRSE-like motifs with unusually high information content, could they be discovered computationally? The recent discovery of the first small modulatory RNA (Kuwabara et al., 2004) and its relationship to NRSE implies that the solution of this problem may be important not only in the context of motif finding, but also in the context of finding other smRNAs.
The NRSE motif is very long (20 bp) and conserved (80% identity), which should make it an ideal target for de novo motif finding algorithms (e.g., MEME (Bailey and Elkan, 1994) ). However, since one knows nothing about which genes an undiscovered motif may regulate, forming an appropriate input sample a priori is impossible. Moreover, an instance of NRSE may be millions of nucleotides from the gene that it regulates (Lunyak et al., 2002; Schoenherr et al., 1996) , rendering standard motif search algorithms useless even when coupled with perfectly accurate gene expression analyses.
Recent studies have demonstrated that comparative genomics can overcome the inherent difficulties in searching for transcription factor binding sites (Xie et al., 2005; Kellis et al., 2003; Lenhard et al., 2003) . However, most existing comparative genomics approaches rely on phylogenetic footprinting, in which one first constructs alignments between orthologous regions of different genomes and then identifies motifs in these conserved regions. Thus, if the motif to be discovered does not participate in the alignment of the orthologous regions, it will not be discovered. Moreover, even if all of the NRSE occurrences were captured in the alignments, they would still remain undiscovered since most phylogenetic footprinting techniques assume that many instances of a motif within a genome are identical or nearly so (see, e.g., Xie et al., 2005) . While this assumption holds true (indeed, this assumption is essential) for 6-10 bp transcription factor binding sites, there are hardly any identical instances of the NRSE motif. In fact, out of 22 putative NRSE sites discovered in promoter regions without requiring alignments, only 9 are found in alignments. The remaining 13 either were aligned with gaps (6) or occur in regions that could not be aligned (7) according to the MLAGAN (Brudno et al., 2003) multiple mammalian alignments (human, mouse, rat, dog and chimp).
We believe that a search for motifs of this longer size is important for two reasons. First, cataloguing long motifs in the promoter regions of mammalian genomes may help in determining if the recently-discovered instance of a non-coding RNA transcriptional regulator (Kuwabara et al., 2004) is but one of a much larger class of such molecules. The observed effect of adding NRSE dsRNA to an adult neural stem cell is that the cell begins to take on the neuronal characteristics, in part because the protein complex that normally binds to NRSE and behaves as a transcriptional inhibitor of neuron-specific genes becomes a transcriptional enhancer of those genes. Since this operates at the transcriptional level and can enhance gene expression, the mechanism of smRNA must be distinctly different from that of siRNA or miRNA which are both post-transcriptional. Second, the recently discovered juxtaposition of multiple master regulator binding sites (e.g., Oct4 and Sox2) is known to influence the fate of embryonic stem cells (Remenyi et al., 2004; Boyer et al., 2005) and the combined unusually long binding sequences may be an important signature of combinatorial gene regulation. Conversely, if we deliberately search for long motifs and find nothing, we will have more confidence in the current selection of parameters for motif-finding algorithms.
Below we present a comparative genomics approach that discovers the NRSE motif-along with others whose functions remain unknown-using neither prior information about which genes might be coregulated nor a detailed alignment of orthologous promoter regions. Our results suggest that NRSE is one of several ''long and conserved'' motifs that have been systematically missed by existing comparative genomics approaches (e.g., Xie et al., 2005; Ettwiller et al., 2005) . Recently, Bejerano et al. (2004) discovered long substrings (>200 bp) from vertebrate genomes that were surprisingly well conserved. In this study we discover % 20 bp long strings that are surprisingly well conserved across orthologous regions of various mammalian genomes. Like Bejerano et al. (2004) , we do not speculate as to the function of the motifs we find, but instead provide evidence that they are not statistical artifacts. However, the fact that the NRSE motif appears at the very top of our list is an indication that other motifs in the list may also be functional. Unfortunately, since NRSE is the only known long mammalian motif with such a high degree of conservation, we cannot expect to find other motifs in our list that have known biological roles. A detailed biological analysis of these motifs and the genes they occur near would be a logical next step.
THE COMPARATIVE MOTIF FINDING PROBLEM
An l-mer is a string of length l in the four letter alphabet {A, T, G, C}. An (l, d)-motif is an l-mer with an associated distance, d, that specifies a maximum allowable number of mismatches. An (l, d)-motif M occurs in a sequence s if there exists a substring in s that is within d mismatches to M or to the reverse complement of M, denoted M. We may also represent a motif in the alphabet {A, T, G, C, N}, where N represents a ''don't care'' position. In this case, an (l, d)-motif with t N's can be thought of as a gapped (l À t, d À t)-motif where the locations of the t gaps are known.
Suppose we have a family of sequences, S ¼ fS and 0 otherwise. One way of framing the traditional motif finding problem (Bailey and Elkan, 1994; Brazma et al., 1998) is to search for all M such that P i P j M j i is large (e.g., larger than a predefined threshold), though in practice one also imposes a constraint on the information content of the resulting profile. However, the Motif Finding problem loses sight of the relationships between S * i , which contains important comparative genomics information about motifs. Instead of
, in effect forcing the motif to occur in related sequences across all species. When a motif M has a non-zero score, we call it a P-motif in sample S. The Comparative Motif Finding problem is to find all P-motifs M whose score exceeds a predefined threshold t.
No efficient algorithms are yet known for the Comparative Motif Finding problem. The exhaustive search approach (see, e.g., Elemento and Tavazoie, 2005 ) is likely to be too time-consuming for long motifs. Indeed, solutions to the Comparative Motif Finding problem do not necessarily represent sample strings, i.e. strings that appear in some sets S j i from S. Nonetheless, finding all sample strings with Score(M, S) > t is a simpler problem, and we use an efficient heuristic to solve it.
Our approach to solving the Comparative Motif Finding problem is to list all sample strings from one species that represent P-motifs and cluster the P-motifs to reveal frequently occuring ones. The algorithm we propose has three basic steps: (i) enumeration, which identifies all P-motifs corresponding to sample strings; (ii) aggregation, which clusters frequent P-motifs into a single consensus representation; and (iii) concatenation, which assembles overlapping frequent P-motifs into a single motif representation. An example of steps (i) and (ii) in the case of the discovered NRSE motif is shown in Fig. 1 .
Enumeration proceeds by checking whether each sample string w from S j i occurs, with d or fewer mismatches, in each of the strings S
2 Limiting P-motifs to sample strings at this stage biases the algorithm towards underreporting motifs; that is, this algorithm will be unable to discover a motif that is overrepresented in the sample but does not explicitly appear in it. However, if this does occur, one would expect some sample string to be an adequate substitute for the ''true'' motif. The algorithm is summarized in Methods and in Fig. 3 .
Aggregation takes into account the fact that the enumeration step will rarely discover identical l-mers that represent the same motif due to mutations. Therefore, to discover over-represented motifs we aggregate P-motifs by performing a clustering procedure on the similarity graph whose vertices represent P-motifs found at the enumeration step. Vertices in this graph are connected by an edge if the Hamming distance between them is no more than d/2. Connected components (connected subgraphs) in this graph represent instances of similar P-motifs. We remark that after aggregations, P-motifs are no longer constrained to be sample strings.
It turned out that many (l, d) -motifs we discover actually represent parts of slightly longer motifs (this could happen if a binding site is slightly longer than l). In the concatenation step, we connect any two motifs that share significant sequence overlap, thus forming a (possibly) longer motif. Motifs that have a small number (in our application, fewer than 10) of supporting sequences are discarded as not highly overrepresented, and any 5 0 or 3 0 terminal columns in a motif that have fewer than some threshold number of sequences are dropped from that motif, resulting in a motif of some length l 0 that may be different than l. Afterwards, columns that do not have a clear consensus nucleotide (i.e., at least 50) are labelled as N. Thus, the resulting motif descriptions are not necessarily contiguous (l, d)-motifs in the four letter nucleotide alphabet, but (l 0 , d)-motifs with t gaps, i.e., (l 0 À t, d À t) gapped motifs. As an example, consider the de novo discovery of a motif with a consensus sequence that is nearly identical to the known NRSE (Fig. 1) . The enumeration of (20, 4)-P-motifs from orthologous upstream promoter regions of genes in human, mouse, and rat results in more than 1 million strings; however, the overwhelming majority of these P-motifs formed isolated vertices in the similarity graph and were therefore immediately discarded as statistical artifacts. Very few of the remaining connected components had more than 20 vertices. Interestingly, one particular connected component with 22 P-motifs had a consensus sequence that matched the known NRSE motif. This consensus sequence could then be combined with the consensus sequences from other connected components that are 5 0 and 3 0 shifts of this motif, ultimately leading to a 21 bp motif with 3 ''don't care'' symbols, TNCAGCACCNNGGACAGCGCC. To compare our de novo prediction against experimentally validated NRSE sites, we compiled a list of known sites reported in the literature (see Methods); the logo representation of the validated NRSE binding sites is shown in Fig. 1b . Not surprisingly, there was substantial agreement between instances of the predicted motif and experimentally validated NRSE sites. Remarkably, our de novo predictions correctly identified two ''wobble positions'' in the middle of the NRSE motif, and also extends the canonical NRSE motif by four somewhat less conserved positions on both the 3 0 and 5 0 ends. In this study the motif width, l, is set to 20 and the number of allowable mutations, d, to 4. In theory, this algorithm could be used for other values of l and d, though the biologically relevant range of parameters is small. One would expect that the motif width would be less than 30 characters, and d can be chosen accordingly given l so that the expected number of occurrences of an (l, d)-motif would be kept low in the size of the sequence analyzed. Changing the threshold t represents the trade-off between sensitivity (fewer false negatives) and specificity (fewer false positives).
RESULTS
We applied the above motif discovery algorithm on 5 Kb-long orthologous upstream sequences from human, mouse, and rat. The de novo discovery of motifs turned up 606 that were further subjected to statistical tests (see Methods). After filtering, the resulting list contained the 35 motifs shown in Table 1 . NRSE appears among the top motifs in this list, thus indicating that our method is indeed capable of finding long motifs in mammalian genomes without prior information about which genes a motif regulates.
Any attempt at de novo motif discovery is likely to find some motifs that are functional and many more that are not functional. We approach the problem of distinguishing between these two cases by considering three factors.
First, if the occurrences of a motif are not conserved in the human, mouse, and rat genomes, then that motif is probably not functional. We show that most motifs we find exhibit much higher conservation in all three species than one would expect by random chance, an argument in favor of their functionality.
Second, NRSE is an ''ancient'' motif that is conserved across frog, chicken, and mammals. This implies that the orthologous instances of NRSE motifs in human and rodents (separated by % 80 million years of evolution) should be more conserved than the paralogous instances in human that presumably had more time to evolve. Indeed, instances of the NRSE motif exhibit significantly higher conservation between human/mouse/rat genomes (5% divergence on average) than between different instances of the NRSE Fig. 1 . An example of the motif discovery algorithm as it recapitulates the NRSE motif. Sample strings that are P-motifs are enumerated from orthologous upstream regions. (a) Similar P-motifs appear as connected components in the similarity graph. Although the diameter of this connected component is large, the maximum pairwise Hamming distance within the component is small. Consider vertices 6 and 7: the path length between these vertices in the graph is 6, indicating a possible Hamming distance of 12 between the vertices, but the Hamming distance is 6. (b) The consensus sequence of the connected components is shown immediately beneath the table. For purposes of comparison, the motif logo for experimentally determined NRSE sites is shown beneath that. Vertices shown in gray are 9 strings found in MLAGAN mammalian alignments; dashed edges show that the subgraph induced by these vertices comprises four small connected components (the largest one has 6 vertices) instead of one large component on 22 vertices. The remaining strings either had gaps in the MLAGAN alignments or occurred in regions deemed unalignable (i.e., no aligned blocks spanned the region).
N.C.Jones and P.A.Pevzner e238 motif within the human genome (13% divergence on average). Nearly all of the motifs that we discovered exhibited this property. Such a phenomenon is unlikely for spurious motifs, so this provides another argument in favor of the hypothesis that at least some of the motifs we report are functional.
Third, since the existing repeat masking is imperfect, there is a chance that the motifs we discover are parts of unmasked repeats shared by human, mouse, and rats. While human and rodents share few highly diverged repeats, three of the motifs that we discover represents an l-mer from the known repeat families. Thus, one can conclude that the motifs we discover are not parts of unmasked transposable elements.
A common assumption in comparative genomics is that if a motif is functional, then it will be conserved. That is, if our algorithm outputs a sequence motif that does not appear in orthologous sequences more often than can be expected at random (while accounting for the total number of times it occurs in the genome overall) then it can immediately be rejected as noise. However, restricting the definition of conservation to include only bases that are in aligned regions causes unacceptable loss of potentially functional sites for the long motifs that are the focus of this study. Therefore, we define blocks (e.g., gene regions) of sequence that are presumably related through evolution without specifying the exact mapping between basepairs. If a motif occurs in the orthologous block in each species, it is considered a conserved instance. We define a score for ranking motifs that is similar to the Motif Conservation Score (MCS) from Xie et al. (2005) . Assume the motif M appears in b j blocks in species j and that there are a total of n in each genome. If we randomly mark blocks from each of the m species with probability b j /n, then the probability of marking any particular block in all m species is p ¼ ð Q j b j Þ/n m . The P-value, or the probability of observing k or more genes that are marked in all m species, is then 1 À P kÀ1 x¼0 Fðnp‚ xÞ, where F(a, b) is the Poisson distribution with parameter a evaluated at b. However, while a P-value of the ranking score is conceptually more useful than a raw score, it turns out that the P-value usually evaluates to 0 for most of the motifs we report, an indication that the motifs we find are statistically surprising. The expected number of orthologous triples of a motif occurring, according to this naive background model, is np and its standard deviation is approximately ffiffiffiffiffi np p . The ranking score of ðScoreðM‚GÞ À npÞ/ ffiffiffiffiffi np p can be used as a rough estimate of the importance of a motif M.
From the list of 606 motifs we removed motifs that were deemed (a) micro-satellites; (b) occurred more than 10,000 times in the genome; (c) had fewer than 10 conserved hits; or (d) were a variation on A/T-rich patterns like AAAAAAAAAATTTTTTTTTT. This procedure resulted in 323 motifs that were further investigated to check whether there were motifs in the list that appeared multiple times with minor variations. It turned out that 6 distinct types of motifs appeared multiple times in the list with slightly different or overlapping consensus sequences. These 6 motif families comprised 63 motifs thus reducing our list to 323 À 63 + 6¼266 individual motifs. One of the 6 familes corresponded to motifs that were correlated highly with experimentally-determined NRSE binding sites (Sun et al., 2005) . These motifs originated from six components in the similarity graph whose consensus sequences were sufficiently different to elude the aggregation and concatenation steps of our algorithm. The remaining motifs did not correspond to known transcription factor binding site matrices listed in TRANSFAC (Wingender et al., 2001) , to miRNA target sequences listed in miRBase (Griffiths-Jones, 2004) , to known transposable elements, or to homing endonuclease restriction sites (Roberts et al., 2005) .
To validate the test for statistical significance of our findings, random substrings of length 20 were selected from the same orthologous set of upstream regions given as input to the motif discovery algorithm. From the set of sampled substrings, some set of columns (between 0 and 4 in total) is selected at random and converted into N characters to account for degeneracy in the motif set. Thus, the randomized ''noise'' motifs consist of strings from the input data set that contain approximately the same pattern of degeneracy as the discovered ''signal'' motifs. The ranking score of the ''noise'' motifs was calculated for motifs that met properties (a)-(c) above. As an aggregate, the scores for the random motifs are statistically different from the scores of motifs output from the motif discovery algorithm (Mann-Whitney rank sum test P-value less than 1 · 10
À7
). However, a visual inspection of the box-and-whisker plot of the scores of the two samples (Fig. 2) reveals that while the difference between the sample means may be small, the set of discovered motifs include a large number of outliers (some, but not all, of which correspond to the NRSE motif) that may represent novel biologically functional motifs. Those discovered motifs with ranking score larger than 75 are listed in Table 1 . The cutoff score of 75 is conservative because most of the randomly sampled noise motifs with high score were suspiciously similar to poly-A signals, which are systematically conserved and thus not informative.
CONCLUSIONS
In one of the first comparative genomics studies, Gelfand et al. (1999) discovered a number of conserved strings in bacterial genomes that only later were determined to be riboswitches. Similarly, we have no experimental proof that the strings in Table 1 represent new regulatory elements. However, we have demonstrated that these strings are not statistical artifacts and warrant future experimental analysis. While these computational experiments cannot yet prove whether regulation through smRNAs is a common mechanism in mammalian genomes, they imply that the smRNAs are probably not as ubiquitous as other ncRNAs.
A recent study (Prakash and Tompa, 2005) makes the important point that the assignment of orthology is crucial for comparative genomics approaches. In this study we rely on the publicly available Fig. 2 . The distribution of ranking scores for the motifs shows that, while the median score of noise motifs and discovered motifs are different, the overall distributional properties of the two groups are not that different. However, the presence of a number of outliers among the discovered motifs is important: these motifs could be biologically important.
N.C.Jones and P.A.Pevzner e240 mapping of orthologous genes, but acknowledge that we would likely find improved motif predictions if better methods for determining orthology are developed. Our work also extends the recent FastCompare (Elemento and Tavazoie, 2005) algorithm by considering motifs in multiple (rather than pairwise) species and by not limiting the analysis to short motifs as in that study. The algorithm as described in this study is most suitable for sets of species that can be considered evolutionarily equidistant. We are currently working on extending this algorithm to accomodate more varied phylogenetic relationships (Blanchette and Tompa, 2002) .
METHODS
All sequences were repeat masked using the RepeatMasker annotations in the Ensembl sequence database; all annotations and orthology relationships derive from the Ensembl Core and Compara databases, release 32 on the assemblies of Homo sapiens, Mus musculus, and Rattus norvegicus (35e, 34, and 34f respectively). Upstream (5000 bp 5 0 of transcription start) genomic sequences from all orthologous gene triplets in the human, mouse, and rat genomes resulting in 14,355 usable sequence regions.
The pairwise Hamming distance among found motifs was computed across (inter) species, and within a (intra) species. Assuming an approximately normal distribution of Hamming distance, the two lists were compared using Student's T-test to determine if the inter species distance was larger than the intra species distance at the 99.9% confidence level. All motifs listed in Table 1 have a significant difference between inter-and intra-species Hamming distance. The higher conservation of the motif within putatively orthologous promoter regions compared to the conservation within nonorthologous positions within a single species may indicate that purifying selection is operating on a portion of that motif's instances.
In the enumeration phase of the algorithm, our method takes a shortcut and arbitrarily chooses one member in each set as a reference sequence (human) and enumerates all l-mers in that sequence such that each of the remaining m À 1 sequences in the set contains an l-mer with no more than d mismatches to w or w w. Choosing a reference sequenceintroduces a small bias into the algorithm.
As mentioned above, the length of strings recorded in the Enumeration step is l ¼ 20, with a distance of d ¼ 4. For efficiency, connected components in the similarity graph with fewer than three l-mers were discarded prior to the construction of the overlap graph used in the Concatenation step. Two l-mers v 1 v 2 Á Á Á v l and w 1 w 2 Á Á Á w l overlap if there exists an i-suffix of v and an i-prefix of w such that d H ðv lÀi Á Á Á v l ‚w 1 Á Á Á w i Þ d where i ! 0.8l. In the application considered here, at least 12 nucleotides were required to match over 16 consecutive positions. Each vertex in the overlap graph corresponds to a connected component in the similarity graph, and therefore represents a potentially large number of enumerated l-mers. The Position Weight Matrix representation was constructed from each connected component in the overlap graph by positioning all related enumerated l-mers in the appropriate columns. This leads to the case where different columns in the PWM have different numbers of contributing sequences, and we refer to that number of l-mers as the support of that column. Any column that has less than 40 of the maximum support within the motif is discarded; as expected, this does not discard any internal columns (which would lead to a motif becoming fragmented). Motifs that had maximum support of less than t ¼ 10 were discarded as unimportant. Columns that did not have a 51% majority consensus nucleotide were listed as N.
The enumeration phase requires negligible memory and time O(nmL 2 ), where m is the number of species, L is each sequence's length, and n is the total number of sequence regions scanned. The aggregation phase requires, in worst case, time and memory proportional to the square of the number of enumerated strings (which will be much less than nL), and the concatenation phase requires time and memory proportional to the square of the number of connected components from the aggregation phase. In practice, the enumeration phase is run in parallel on a grid and the bottleneck is the aggregation phase which is done on a single computer.
We compare our predicted motifs against experimentally validated NRSE sites that have been reported previously (Schoenherr et al., 1996; Sun et al., 2005) . A total of 48 genes are unambiguously identified in the combined studies, but neither study attempts to identify orthologous sites in multiple species. Of the 31 genes from the mouse genome identified in Sun et al. (2005) , there are 16 orthologous genes in each of human and rat that also have a substring that matches the consensus string used in that study (TYAGMRCCNNRGMCAG with no mismatches). Of the 18 genes in the human, mouse and rat genomes reported in Schoenherr et al. (1996) , there are 14 orthologous genes in each of the other two species that also have a substring that matches the consensus used in that study (TTCAGCACCNCG-GACAGNGCC with 4 mismatches). We combine the set of sites that were confirmed in a lab with the set of sites that are orthologous to sites confirmed in a lab into a database of 167 distinct binding sites across the three genomes. While it is not necessarily true that an orthologous instance of a verified binding site is also a binding site, it seems a safe bet that a large portion of them are. We remark that this database necessarily represents a (presumably small) subset of the biologically active NRSE sites in the genome.
